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Automatic Conversion of English Pronunciation Using
Sequence-to-Sequence Model
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ABSTRACT

As the same letter can be pronounced differently depending on word contexts, one should refer to a lexicon in order to pronounce a
word correctly. Phonetic alphabets that lexicons adopt as well as pronunciations that lexicons describe for the same word can be different
from lexicon to lexicon. In this paper, we use a sequence-to—-sequence model that is widely used in deep learning research area in order
to convert automatically from one pronunciation to another. The 12 seqZ2seq models are implemented based on pronunciation training data
collected from 4 different lexicons. The exact accuracy of the models ranges from 74.5% to 89.6%. The aim of this study is the following
two things. One is to comprehend a property of phonetic alphabets and pronunciations used in various lexicons. The other is to understand

characteristics of seq2seq models by analyzing an error.
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ek olsl7t Aol

FNE e o APEe] AMgsle EeTIsE AR
itk 2o 7 @o] Agete e UE Al2"e TPA
(International Pronunciation Alphabet)o]tH1]. Table 1&
o] ‘gentle’ ¥ ‘jurisdiction'®] g AHEZ off] AFH A

i

ARgstE TS U575 AlaRlo R 7] d ‘6"\% Aoltt,
Table 12 ‘ARPAbet' & vl gojo] -3 4 7
o2 AHsty] f8te Aoty gr)selH, 18] ufEol

ASCIL AErto g A so] el

‘MWCD'= Merriam-Webster’s Collegiate Dictionaryll
A zolE IE7ISE s, ‘NOAD'E New Oxford
American Dictionaryoll A 2:0]& #&7]5 0]t}
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Table 1. Various Phonetic Alphabets for Transcribing Pronunciations

gentle jurisdiction
IPA 'dzentol dsoertsdik[(e)n
JHEHI N T JH UHZ2 R AHO S D IH1 K SH
ARPAbet | o 1 AHO N

MWCD | jen-t’ Jjur-os—'dik-shan

NOAD | jen(t)l joorosdikSH(a)n

& Aslstue W 4% /g wedA gen. w4,
W GolelA e e AbeldlA [/ ket £%
W)= ek,

Table 3. Consonant Allophone Different from British English
and American English

rhotic consonant /r/ | realization of /t/

ARPAbet& 7} Santth goj2rg & 3 F3%a
MWCDe A$-ol= 7z 54 (syllable)rltt “2 T8 3
Fokth Table 1014 B niep o] Abdwitt AR&abe W
71578 g27] widd g dFAdAs Faoer A48
g 7otk B SAAYE AT &8 A2 FHAAE
ol g ARE T W AR & F57159 AME
& AR AREY] AgHE TS ¢ Sl

Abduith Al gt e derlse o
Powz wWto] 4% ¢t} Table 2D9 Oﬂa: 2w NODE
(New Oxford Dictionary of English) AbdolA ©o] ‘gem’
9] /e/= CMUdict(Carnegie Mellon University Pronouncing
Dictionary) 2} MWCD(Merriam—-Webster Collegiate Dictionary)
oAM= /EH/ %= Je/Z viFE = vHd, ©@o] ‘congress’d
AS-ol= /AH/ B /o/2 vlE HIATh

Table 2. Examples of Various Mapping from Phoneme /&/

gem congress
IZII?:RI)E dzem 'kopgres
(%&dﬁ) JH EHL M K AAL NG G R AHO S
MWCD ; ki
(MWCD) o e

ogh e olfz AZ g Ber1EE AgeE AR
ol A shtel werlEelN vE weEE AU v
2 BE 9w Aol AFeed gtk T LS WU
AzEe AET BB Ade] F2 9 olg v
A w5 ol BFEAel weh 1%E Wl Felrt
it

o Gole] g Aol[2] F, & mEdAE
A3 b Al des15eA 2 Ao
1) q] T % _' o] HApukS E]—

T
™

) 7 A3 AN ARg e
R

L7l so] tigh Awe 31l A A8

British English /(x)/ /t/

American English /r/ /t/ or /(t)/

Table 4. Examples of Consonant Allophone in
Various Kinds of Lexicons

linger hard bottle winter
NODE (IPA)
1 ha : ' 1 '
(British) mgo a:d bot(a) winto
NOAD ‘wintor
(NOAD) 1iNGgor hard badl Winor
(American)

Table 49141= F5 FolE UFI U=
mx o]E T NOAD ApdeA F&8 U5 ARE
Hw3kgitt. NODE AMAL ‘linger, ‘hard w©ole] 7%
Table 3914 Awg wpe} o] F4 /r/o] Ak RS &
sk 4 Q) E=d wof ‘hottle’> PTG o]0 NOADI A
= U7 /R B71HA T,
iy /wmer/ﬂ EgH AE 3 % =,

Table 5= E&olA Yels G o]
g zAel zfolS A A s}

2 AFAM T AR T2 ARHA FE2I IS HRE
Aoz HIAANATE BES 54 99 sequence-to-
sto] 53] Haa g
Seq2seq model> Recurrent Neural Network (RNN)2] &
FTOoRE 7h Zol9 §J¥E st WHE 38 F, ol®
S 7 Adole] HS AT 4 v AWt 5] o
& 93te] AR tE B85 A2ds 3]
APA O ZEE dojo O g ARE st olE T

J
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Table 5. Vowel Allophone Different from British and American English and Its Examples

want class promotion
Nazx]gerri ti(sllf))A) wont /o/ Kla:s Jat/ prolmesn /av/
Naver (IPA) want Ja 1/
(American) wont Ny klaes J=/ prolmos/n Jov/
2. & o NMEL AlEA "W X Y 72/ <EOS>7 &84 w7bx] vk
ol itk
21 4 ®7| . =Fo A= TensorFlowoll Al Al-&3k= seq2seq model
oA BT @ dole) BA AAE e B4 AAZ 4 % olEdel e A% wag pUsAL =Y,
Efl= Aolth 7AW, AR HA FolA do] BUA F TensorFlowel A Al &3k= RNNe|  AlefAtg 5 shuiel
AT AAH7] ga FE 4% &4 ©7 AT A4E static RN AL 98] 9EY Aldse ol we
i QT [6ledAE 271 FAIA 71 A G (PBSMT) HARS Eatdrt. ol AlExe] 4&8 ol Wl
WS g8l 231 7S AEoR HIlsleE AAES i 22983 oS Hasgleta &4 RNN I5S
| st wE gojd WARZ gFdolHE AEFste &

tg [¢ E

Tt [7]2 [6]¢] 7]uke] RNN dojnds &&-3a}of
= 3t [8lo] A+ sequence-to-
sequence EES T3, seq-to-seq REwoR
Ast S-a% 7] Al2~"ET= PBSMTe 23 95 seq-
to-seq 2E& o]&ste] AT Al&wlo] 97%9] dE &
S Bt

2.2 Seg2seq Model
AN st 9d AAAE te Y APAR

o el g )
2 Qole] e w8Aoz R Aol e Fad
oh RNN& tha Zelel gee g 279 #Ege
2 g7 £949 FEE 20 o
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Y dugFe o] &3t o AT ARNE Aw 9r) vk
Ao sequence-to-sequence wAT AITIR AREHE
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Fig. 1. A Basic Architecture of Sequence-to-Sequence Model[5]

Fig. 12 ¥4 <l sequence-to-sequence =@ 9] =g W
WS Il o® HoF1 9t} sequence-to-sequence R
g2 98 AF2~ A B C'S 3V gl EodN A" A
719 MEHE vrEo dth ng¥ A7|e] WEZRE O

olt}4]. TensorFlow2] RNN- long-distance dependency
TAE &3lety] fate] 948 AlHAE AFE gt I
SAZth Fig. 19 4419 49 483 29 A 2717}
<5, 10>9 |, ¢4&L [PAD, PAD, C, B, A7} {9 &<
[GO, W, X, Y, Z, PAD, PAD, PAD, PAD, PAD]o] ¥t}

i) mlm

3.

olo

AP 2

e

31 AR M g B4

B AT AFEE A A X = Table 67 2t}

7} A e A e 2.

CMUdict: http://www.speech.cs.cmu.edu/cgi—bin/cmudict
NOAD: https://en.oxforddictionaries.com/definition/us/
MWCD : https://www.merriam-webster.com/

NODE: https://en.oxforddictionaries.com/

7 el i 5AS 71 Aelal 1Y thes 2o,

1) CMUdict (Carnegie Mellon University Pronouncing
Dictionary)= ¢F 134,000 ©ojel]l djgt Hwn| Jof 23 AR
o #2 g4 A7 Aol AT BHom FHHIY
th #5715 E ARPAbetS ARS8t 7l&stdlom, ARk
AR &2 ‘flowers’, ‘makes’, ‘picked 9} #o] &3 E
wolgo] i Ego} v,

2) NOAD (New Oxford American Dictionary):= &t
o2l JolE 7|mte g FEEo] Ql7] wliTel mHa o
5ol EAol b4 2339 k. NOAD AA9] &7

55 ARget

3) MWCD (Merriam-Webster Collegiate Dictionary)<
ma FolE tFAL Qe Abdolth o E Abdel HlE o
g 7157F Wol 2¥H Stk (B8, # dFdA T
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Table 6. Summarization of Lexicons Used in This Paper

CMUdict NOAD MWCD NODE
Phonetic .
Alohabet ARPAbet NOAD MWCD IPA
number of phonemes 39 42 45 49
(consonant/vowel) (23/16) (24/18) (25/20) (26/23)
avg. number of phonemes 7625 8.2514 8413 8.030
per pronunciation
avg. number of stresses 1.259 1.24096 1.3768 0.94009
per pronunciation
avg. number of pronunciations 1069 1293 1995 1313
per entry
total number 117413 24727 24983 24458
of entries

FotEAE dolo &
= XA Z] orortl) Merriam-WebsterAb= AFA] &
35 AEste] dole] WES EAGTE

4) NODE (New Oxford Dictionary of English) AFd-&
T2 W By 5AS ATE 75 E

IPAES wath

=

ol P

egkel APHORHE seq2seq modelol A A&-E
o
H o

o3 2o

7]

A A A= olsizk As-u 71AY ﬂﬂaﬂoﬂb
oA Fito] gtk E AT = HAATE o9} e wh
5 RS BF Gt SdE Ue BRE —7‘%5}@4
Table 7] oAl MWCDl 7|%H o] gl e AH
dyolt), oA (a)
pronunciation’ @< 3%
Kot 2HA HIE FE % —Hrl‘f:% Agleta A HA &
=7 g e FETS 7168
BAE B35 Q] xFhEo] glo]
o5 BF gAste] A3 S-S ‘extended pronunciation

doll eERH AT

‘acceleration’ «1 !

Table 7. Examples of Pronunciations Described in MWCD

original pronunciation

entry

extended pronunciation

(a) | acceleration /ik—se-lo—ra-shen, ()ak-/

ik—.se-lo—-ra-shon
ak—se-lo-ra-shon
ak—se-la—ra-shan

/a-kyo-rot-le,

b tel
(b) | accurately ‘a-k(o-)rat-,

‘a-k(y)art-/

‘a~ko-rot-le
‘a-kyort-rot-le
‘a-kort-rot-le
‘a-krat-rot-le
‘a-kyo-rot-le

o /pra-s(o-)lo-to—'za-shen,
(c) | proselytization B .
pra-so-li-to—/

pra-slo-to—'za-shon
pra—so-la—to—'za-shan

(d) | conference /kan-f(o-)ron(t)s, ~forn(t)s/

'kan-fo-ronts
kan-fo-rons

‘kan—frants
'kan-frons
do-"bre
do-'bre, da-, 'da-
(e) | debris . . e /a e da-bre  'da-bre
' ‘de-bre ‘de-bre




(3) Al (stress) AR E A3},
gololl A ZAl ARE dofo] FA oulE WA
S W F8eith 2y 72 ARdeid Mg 71%st
WoolY el g dolo IR A9 st o
A$% Fvsith Table 82 7t wg7]s Alzdnjit} A}
= 74 71% Witk IPA/MWCD/NOADS] 7%
ol FAE $1AA7]= v, ARPAbet®] 7%

e
2o FHel 0, 1, 2 AE B9 AAE FAG

=

o o =< T o [

of

Table 8. Description of Stress According to Phonetic Alphabet

Phonetic Alphabet LRy SEEImIAI no stress
stress stress
IPA/MWCD/NOAD [ L]
ARPAbet 1 2 0

Table 9. Different Usage of Stresses According to Lexicons

insignia rare rehab
. IH2 NSIHI GN |REHL |R IYO HH AEO
CMUdict | 1o AHO R B
NOAD in'signéa rer réhab
MWCD in—'sig-né-a rer 'ré—hab
NODE IN'SIQNId re : i : hab

E| ﬁ/\IE}ME}. o & £, ‘insignia’® 7, /IH %-N-S-
IH-+-G-N-IY-%-AH0/¢} #Zo], 711 ZAl(primary stress)

= /%2 A2 AAl(secondary stress)= /%/Z 5HEH 4
A 7] =49 "R tgdl 5¥HE &

3} u:}. ‘rare’®] MWCD Abde] 7%

s3tal AAE e
¥ 27
#-R/9} o]

(4) non-ASCII codeE ASCII code® w3 shc},

5712 ARPAbets Al9jstile 5718 Al &glolA
AbE8HE &4 % non-ASCIL codedl 7-$-7F Zuh Uiy A
g AYAE 98l non-ASCI codedl 2&7]5E ASCII
codex mjFatct. ®gh 74 FAE HA TR Aske]
T4 AbelE R UrITh 7 Abdel tid HE A A
v}o] AR oA E Table 1090 | A5
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Table 10. Examples of Normalized Pronunciations for
Inputs of seq2seq Model

insignia rare rehab
CMUdict {iii/ogi/;§$f**G E*EH*** gfIY*HHfAEf
NOAD IZI:EI\SI:SfII***G*NfE RELR 1027_1%27**H*A1*
MWCD IZ{ZEBSI)—S—II—*—G—N—E E—El—*— 50—71;332—*—H—A1—
NODE ;%izlzlj)fstZf*foNfI RE2: Iéfllif*foAélf
4. 88 A GI}

4.1 st&Hole 2 Hoth|olE

g dlol 8 A2 Table 112 2t}

HrbdlelEl e Aol 419 Abde g5 o R dAs
o] &, 1000715 AANA FrtelelH &2 533t
mae wdo] Mg w5t AEy deph A8

Asterte Wb,

a0

e —‘1\1

ol

Table 11. Number of Pronunciations in Training Data

et Deiea przﬁizeiztioofns
MWCD(MWCD) < NODE(IPA) 44,086
MWCD(MWCD) < CMUdict(ARPAbet) 37471
MWCD(MWCD) < NOAD(NOAD) 45,549
CMUdict(ARPAbet) <> NODE(IPA) 34,664
CMUdict(ARPAbet) < NOAD(NOAD) 35,082
NODE(IPA) < NOAD(NOAD) 44,403

4.2 seg2seq model && EHA

AT THREE AP 47)0]7] Wil MR ThE A
Ao gV 3 R WEsy] fEiAe BF 1279 Rds T
Safjop gtk RS o] dod FArHES 4 2d
ia=s ioﬁﬂoﬁ AR 2 :7' A= 7 7he] mdel
L adE Agarh
°H*1 ?i% Eél" 438 7, M =2
Hol= 270 2l digte] v 22 As E7t
& 3 s gt gs AdAskth (Table 129014 15
A= 7 Bd Ao Fatgheldh)

Table 12= seq2seq model®] EPOCH#S 400.2

i learning rate® WEAIA 711 88 Aife] H&EFo]
t}. Table 132 learning rate= 0.1, 0.013 0.052 1134
il EPOCHTE =87H s8¢ diolr}

Table 14+ seq2seq 229 layer o W& AdEolt}
layer =7} 29 W 7} 2L A% HYth

i
lo

(e}
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Table 12. Accuracy According to the Parameter ‘learning rate’
with 40 EPOCHs

learning rate Accuracy
0.01 82.9
0.05 87.3
0.1 86.4
0.3 84.5
05 84.9
0.7 784

4.3 Seq2seq model2| M3 370 wE M= W

2ol A3 vle} o] seq2seq model> Y Zolg]
Apol 2 g EAE HAistslr] et HAD S AREST
Table 15% seq2seq model 55 Al WA A7)0 w2 A5
S AHESTE S ARSSE AR Y] EE o= 3~
1670 &2 WS 7k H7helelE 1,000 5, 507709
Aedde YA E-Ab wEe] Adolrt Tt o
A Me7E 59 v P $ des Bt

44 Seg2Seq model2 0|23t Ats €3S HE Ms

4243 4349 AHZEY HF ol A& sheiny
= g3 2t} Seq2seq model?] hidden layer unit 7
50, 2] layers 25 AH&et3laL BIA e 55 AbESt

Atk 2ol w2} learning rate®t EPOCHS+ 0.01, 1609,

T+ 005 50 ARESHTE Batch 27]E 32, learning
rate decay: 0995 AR&3FIth

Table 162 A3 A3 7z mde] AHFEo|t). NOAD
(NOAD) — MWCD(MWCD) % gto] 714 = 5
%tk WA, NODE(IPA) — CMUdict(ARPAbet) ®gke] 7}
e s Bt

Table 17 A Arict F3d 459 Boas vluwg
Axteltt, NOAD(NOAD) < MWCDMWCD) W gto] 7}
T2 ATEs Btk F AS BF ovE o] HEE )
3t oA T FAIETE =S ARdolith R
NODE(IPA) <> CMUdict(ARPAbet) ¥ 3t Ax7t 7pg e
/\-]V‘:,O‘ E‘ﬁ‘—‘:‘tﬂ o]‘:— oﬂt} 01012 1;]_2‘:‘ NODE7]' gz_-(st}
277} 39l 3908 BE AASE AL ue o, v
ol 4% Golel Aol Biel Aow weid
Table 18 Table 1
Sx BiEe
Fee %
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Table 13. Accuracy According to Parameters ‘learning rate’ and ‘EPOCH’

lean};l;(g) Crf_ilte / Accuracy leané}r)lg Crﬁte / Accuracy learggl(g)gﬁte / Accuracy

0.1/20 80.2 0.05 /40 87.3 0.01 / 40 829
0.1/30 86.1 0.05 / 50 87.4 0.01 / 60 85.1
0.1 / 40 86.4 0.05 / 60 85.9 0.01 / 80 86.9
0.1/50 86.0 0.05 /70 87.3 0.01 / 100 86.9
0.1 /60 86.3 0.05 / 80 86.3 0.01 / 120 87.1
0.1 /70 86.2 0.05 /90 86.4 0.01 / 160 87.9
0.05 / 100 85.5 0.01 / 180 874

0.01 / 200 86.5

Table 14. Accuracy According to the Number of Layers of
seqzseq Model

Table 15. Accuracy According to the Number of Buckets in
seqzseq Model

number of layers Accuracy
1 86.1
2 87.9
3 86.9
4 83.3

number of buckets Accuracy
Bucket-2 884
Bucket-3 84.5
Bucket—4 879
Bucket-5 89.2
Bucket-6 89.1
Bucket-7 88.7
Bucket-8 89.1
Bucket-9 88.1




Table 16. Accuracy According to the Models

Sequence-to-Sequence Modelg 0=

NODE(IPA)=

AA AT B

ot 80 25 V= NS giE 273

BRI e g%

[¢]

learning rate S 2354, NODE(IPA)ZF b8 AFd T &2 g0 goj9]
Model Accuracy - =200 o 5]
/ EPOCH EAS Pa gl7] Witog gofHt)
1 MWEB}%X;CAD)) - 81.3 0.01/160
45 2F Z1 24
MWCDMWCD) — BoAo A= 7k AbA W 3kl S o== Bz B
2 CMUdict{ ARPAbet) 82.0 0.01/160 H Eol = Oﬁ ; }L_ ae | oish ks OfﬁoH 2},
) MWCDIMWCD) — o o 72}%} B F2s AASe SRl dEiA oE o] &
NOAD(NOAD) ' : ettt
4 | CMUdict(ARPADbet) — 797 0.01/160 A eHv wsE g A wg Aol A o]
NODE(IPA) ' ' apol7t Uiz &FE oulgt)
5 CMﬁd\fivcé%Eegi - 889 0.01/160 EewA oFE wsE @3 Ay w3 Alolo] Alg
H BEgol AE g2 A& vt}
CMUdict(ARPAbet) — . - B} _ §
6 e 876 0.01/160 RE 2F= T2 wol AR g3 Favt wEe)
- 0E= o o)
_ NODE(IPA) — o1 o A Yehde /5 ot
NOAD(NOAD) ' o7 AL LFE AL a7t AAHUAL, A4Y E=E A
N H Ao=2 omsty
8 c NO(?E(I;?) o 45 0.05/50 °r 4_ o _ N g
MUdict(ARPAbet) Table 192 7H¢ 2 %53 7P 2 4%5S 29 W
9 I\T\%EIIE)((II\P;[%\)TCB) 238 0.01/160 o i3] 1 eFE B AIo|t} 1 edit-dist SF &=
A w53 wdo] AyAge WSS HH A (edit distance)
10 Noﬁgg\]f:%??) -~ 779 0.05/50
Table 19. Error Analysis of Pronunciations Generated from the
NOAD(NOAD) — yu Best and the Worst Models
11 MWCD(MWCD) 89.6 0.05/50
o NOAD(NOAD) — o1 . NOADg\IOAD) NODE(IPA)
CMUdict(ARPAbet) " ’ MWCDMWCD) | CMUdict(ARPAbet)
error with
. , 1 edit-dist ™ 176
Table 17. Comparison of Average Accuracies of edit- o
Bi-directional Models dist | Srror wit 17 56
2 edit-dist
length -
Bi-direction model Accuracy error with S 23
3 or more
NOAD(NOAD) <> MWCD(MWCD) 88.7
total number 104 955
CMUdict(ARPAbet) <> MWCDMWCD) 8.5 of errors
CMUdict(ARPAbet) < NOAD(NOAD) 846 —
mnsertion 5 43
NODE(IPA) < MWCD(MWCD) 82.6 error2) *
NODE(IPA) <> NOAD(NOAD) 800 edit deletion 9 1
kind error
NODE(IPA) <> CMUdict(ARPAbet) 771
replacement
5 169
error
Table 18. Comparison of Average Accuracies According to the "
Same Source and Target Lexicons. ) 19 (18.3%) 48 (18.8%)
Model Accuracy vowel
- — replacement 37 (35.6%) 118 (46.3%)
CMUdict(ARPAbet) — 854 type error
of
MWCDMWCD) — 837 iti
from error repetitive 0 14 (5.5%)
NOAD(NOAD) — 83.0 error
consonant—
NODE(PA) — 80.1 related 30 (28.8%) 8 (2.0%)
— MWCD(MWCD) 874 error
— NOAD(NOAD) 85.3
to 2) o] EollA ARI/AMA/LA Q5= A 5= AL EATE AF/AHA/ A
> NODE(PA) 6 A 25 FRaAN AL,
— CMUdict(ARPAbet) 79.3 3) o TollA o FHW BAL U QR i QR o A9l
EER R
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(1) NOAD(NOAD) — MWCD(MWCD) %%k

EsuA o 370 5 20007F &4 /o/ell tigk R v
Bor WA Table 20> Q5] oA o]t}

NOADY &4 /o/~= MWCDeIA 7 719 A= t& &4
2 vl et of WP mdel shstua 2R A

E5)

L&A

D=2A/AZER0 & HIOIH 33 M6z XM5=(2017. 5)

S RS F WEE SEE o] AR

uk
g @7 3lth Table 210 A& A] 7o) oAl& H]lrh

(2) NODE(IPA) — CMUdict(ARPAbet) %13t
o] Wale WA WA 7Y G HES nol Aol

t} o7 M TRy AL drEQ Zolt) tiiieol ub
Bof7h e AY vkl NG/ §27F wEHE F¢
ATt Table 2201 S dAIE HRlY. 5ol Fw3] o F
ojA A B Aol T2 WA 2FE oty o W
Q{7 NG/ 549 Afoltt dAs=Ad gsiae 1
olE ety ol gt
Table 22. Examples Repetitive Errors in
NODE(IPA) — CMUdict(ARPAbet)
CMUdict CMUdict ..
entry NODE (truth) (model) description
feclin it/ /F-IY1-L-1 |/F-IY1-L-IHO |/NG/
e S Ho-NG/ -NG-NG/ repetition
. e |[/KFTHIENG- | /NG/
king /kiy/ /K-TH1-NG/ NG/ repetition

AA Q579 46% o] 2AF

/1/7F CMUdict®] /AH/¢} /IH/2 vj33 = 3
o} /ER/Z w3 s wA uagsl 7o

Helth

Table 24+

A7) A EE %

25 A= NODEY &4

So] Aol 9]

rlr

S fo/7% /AW
o]t} Table 234 oA=&

U

ik

mln

e AN A9 RemAl eRe gRRe AXse.
Table 20. Examples of Vowel-replacement Errors in
NOAD(NOAD) — MWCD(MWCD)

MWCD MWCD ..
entry NOAD (truth) (model) description
rusk /rask/ /rosk/ /risk/ /ol s [
replacement
elate /alat/ /i-at/ /o-'1at/ /o/ vs. /i/
modest | /madest/ |/ma-dest/ |/ma-dist/ |/o/ vs. /i/
seclude |/seoklood/ | /si-'klid/ /so-Kklid/ | /o/ vs. /i/
demean |/de'men/ |/di-‘men/ /di-‘men/ | positive
jump /jomp/ /jomp/ /jemp/ positive
3, NOAD(NOAD) — MWCD(MWCD) %o A Eo]
& B ASedvh 28% ol AAstL e Aelth
Table 404 ®<l wie} 7ro] NOAD+= =4k ‘19 ¥-29] /d/
2 oFslEE 497 Abdel EakE o] ltk. NOADNOAD)
— MWCDMWCD) gtgdlol"olA &4 /d/E IU=E /d/
2 S A9 VR N dad 97 A FE

Efstith Table 199 A52/ 3071 %, 247H= NOAD®| /d/

Table 21. Examples of Consonant-replacement Errors
in NOAD(NOAD) — MWCD(MWCD)

MWCD MWCD | descriptio
entry NOAD (truth) (model) n
/d/ vs.
o o L Vars
paddy /'pade/ /'pa-de/ /'pa-te/

replace—

ment

cotta /kads/ /ké-to/ /ka-da/ ;?// Ve
comedy | /kimode/ | Mki-mo-de/ | Aic-mo-te/ | V>
sweater /'swedar/ /'swe-tor/ /'swe-dor/ ;S// vs.
songwriter | /sONGyridar/ | /'son-ri-ter/ | /sop-ri-ter/| positive
girder /'gordar/ /'gor-dor/ /gor-dor/ | positive

ERIE B S

Table 23. Examples of Vowel-replacement Errors in
NODE(IPA) — CMUdict(ARPAbet)

CMUdict CMUdict .
entry NODE (truth) (model) description
/AH/
il i/ /F-TH1-L-AH | /F-IH1-L-IHO | vs. /IH/
b D 0-P/ -P/ replaceme
nt
. /B-R-AE1-K-| /B-R-AE1-K- | /AL/
bracket | /brakt/ | 1y p AHO-T/ vs. /IH/
fin fw/  |/FHIN/ | /FIHIEN/ | positive
ol /KeAAI-MA| /K-AAT-M- )
comedy | /komidi/ HO-D-TY0/ AHO-D-TYO/ positive
. , ACTHILER | A-m1-L-aH| AT
miller /milo/ o/ o vs.
/ER/
. JK-AAL-T-A | /K-AALT-E | /A
cotta /kota/ HO/ RO/ vs.
/ER/
hurt /ha 1t/ /HH-ER1-T/ | /HH-ER1-T/ | positive
extra /'ekstra/ /EHL-K=S-T-| /BHI-K-S-T~ sitive
R-AH0/ R-AH0/ po




Table 24. Error Analysis of Pronunciations Generated from the
Model Between CMUdict, NODE and NOAD
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Table 25. The Number of Common Stresses According to
Pair of Lexicons

CMUdict(ARP | CMUdict(ARPA | NODE(IPA)
Abet)>NOAD( | bet)>NODEIP | —NOAD(NO
NOAD) A) AD)
error with
1 edit-dist & 132 129
edit- error with
dist | o ecli-dist 5 b 3
length -
error with 7 23 13
3 or more
total
number of 124 203 179
errors
msertion 4 12 25
error
edit deletion
kind error 9 21 R
replacemen 59 155 7
t error
stress 54 30 o0 10
exror (43.5%) (g% | B0
type vowel %6
0, c 0,
of replacement (99.0%) 117 (57.6%) | 38 (21.2%)
error
error
consonant- 7
0,
related (5.69) 3 42 (23.5%)
error

(1) CMUdict(ARPAbet) — NOAD(NOAD) ¥

P we RBo A5 0 F7} 74 %o]r:} CMUdict
S} NOADS] #¢& 3 A A /A+E 126, 1.242 47 1)
Zzstth. ey Table 25004 B wkel o] CMUdict®t

number of CMUdict "NOAD / CMUdict "\NODE /
stresses NOAD NODE
2 232 /276 20 / 22
1 673 / 717 715 / 971
0 0/7 0/7
incompatible 9% 65

Table 27. Examples of Various Mapping from /AH/
According to Lexicons

to
NOAD | MWCD | NODE

fillip /F-IHI-L-AHO-P/ | ‘filop fi-lop frlip

entry from CMUdict

bazaar | /B-AHO-Z-AA1-R/ | bazar | be-'zir | ba'za :
backup | /B-AE1-K-AH2-P/ | bakasp | bak-ap | 'bakap
(2) CMUdict(ARPAbet) — NODE(IPA) W3}

ol MR A4 wewA ofsk WA Lol W ol

Attt o= F AR W V|34 AR 4 IS
7} t27) witoz ddEth, CMUdict7) AHE-8hs 337 &
ARPAbet©] 39709 S2(phoneme)E, NODE®| IPA7} 497§
o] &xz Alge) oa Ao x].o]7]. Thokst w3y e ks
o] ¥ &= gtk Table 279 A= %}-P]E”q CMUdicte] &4
/AH/3= NOAD9 MWCDoIME 25 /o/2 vlgsi=d W

o

1:!10 rﬂ

@ NODESIA A /b 2% dhe wgom wgs A
2 5 otk olsh g tepgow s NODEY 49 &
WA SFTF HA L] 47% ol LAE Aow “&%EJU}.

Table 28> CMUdict — NODE W&toA E3uA 25
b A oS,

(3) NODE(IPA) — NOAD(NOAD) %%t

NOAD® 7%, 87k Hlol®l 10007} & 2 AF7F A= v NODE(IPA) — NOAD(NOAD) ¥kl Ai= 2182 77}
2 dge] %70 Uebth CMUdictsh NODES] A5-e= 3 q7e] 235%% A @t}, Table 37 Table 4914 A3
Ao vehs HiE 4o, NODE9| 7% 37 dlo] npo} 7o) Q3 oJo] NODEE &4 /S Agsts 549
o 97% olde] skl ZFANEE ZEal 917] wjiel] 259 Zta glom wla o] NOADE NVE /I/Z FsiAA 2
A L7 AR R T Abdel HlE WA YERT g AS7F g 2o gtk o] o] fE T WA
Table 260 CMUdict — NOADI A w3t Al 579 /) A 79 Y/, /A wA it v EASEA
AHE Ydsisi. Table 299 of#] dFE-E Rt}
Table 26. Examples of Stress Errors in CMUdict(ARPAbet) — NOAD(NOAD)
. NOAD NOAD ..
entry CMUdict (truth) (model) description
. . While CMUdict has 1% and 2™ stresses,
photon /F-OW1-T-AA2-N/ /fotan/ /fotan/ NOAD has 1% only.
. . — _ While NOAD has 1% and 2™ stresses,
prefix /P-R-IY1-F-IHO-K-S/ /pré fiks/ /prefiks/ CMUdict has 1* only.
afterglow /AE1-F-T-ER0-G-L-OW2/ | /aftorglo/ /aftorglo/ NOAD generates two 2 stresses.
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Table 28. Examples of Vowel-replacement Errors in CMUdict(ARPAbet) — NODE(IPA)
entry CMUdict NODE (truth) NODE (model) description
oversleep | /OW2-V-ER0-S-L-IY1-P/ /avva'sli : p/ Javva'sli 1 p/ positive
prolactin | /P-R-OW0-L-AE1-K-T-AH0-N/ /pravlaktm/ /pralakton/ 13/ vs. ot/
replacement
lettuce /L-EH1-T-AHO0-S/ /letzs/ /letas/ /o/ vs. 1/
senator /S-EH1-N-AHO-T-ER0/ /'senata/ /'sentto/ /o/ vs. 1/
awake /AHO-W-EY1-K/ /o'werk/ /o'weik/ positive
chorus /K-AO1-R-AHO0-S/ /ko 1 Tos/ /koras/ o/ vs. /o1/
mothball | /M-AO1-TH-B-AO2-L/ /mnObo 11/ /mnBbho 11/ positive
wank /W-AA1-NG-K/ /wank/ /wank/ /a/ vs. /a/
chock /CH-AA1-K/ /tIok/ /tfak/ o/ vs. /o1/
convoke | /K-AAO-N-V-OWI1-K/ /ken'vask/ /kpn'vosk/ /o/ vs. /o
crotch /K-R-AA1-CH/ /krot[/ /krotf/ positive
Table 29. Examples of Consonant-related Errors in NODE(IPA) — NOAD(NOAD)
entry NODE NOAD (truth) NOAD (model) description
yarn /ja 1/ /yarn/ /yéan/ /r/ deletion
sigma /'s1gmoa/ /'sigma/ /'sigmer/ /r/ insertion
nard /na :d/ /nérd/ /nérd/ positive
politic /polrtik/ /palatik/ /palodik/ N s, /d/
replacement
waiter /werta/ /'wador/ /'wadar/ positive
Table 30. Accuracy and Type of Errors According to the Models
Type of errors
Model A 4)
ode ceracy stress TN repetitive consonant-related
replacement
1 MWCD(MWCD) 187 28 88 5 7
— NODE(IPA) (81.3%) (15.0%) (47.1%) (2.7%) (3.7%)
9 MWCD(MWCD) 180 56 82 1 3
— CMUdict(ARPAbet) (82.0%) (31.1%) (45.6%) (0.01%) (1.7%)
3 MWCD(MWCD) 122 41 30 0 11
— NOAD(NOAD) (87.8%) (33.6%) (24.6%) (9.0%)
4 CMUdict(ARPAbet) 203 30 (14.8%) 117 2 3
— NODE(IPA) (79.7%) ' o0 (57.6%) (1.0%) (15%)
- CMUdict(ARPAbet) 111 29 46 0 4
° | - MWCD(MWCD) (88.9%) (26.1%) (41.4%) (3.6%)
CMUdict(ARPAbet) 124 . .
6 —» NOAD(NOAD) (87.6%) 54 (43.5%) 36 (29.0%) 0 7 (5.6%)
o NODE(IPA) 179 29 (91 90 1
7 . NOAD(NOAD) 82.1%) 52 (29.1%) 38 (21.2%) (05%) 42 (23.5%)
NODE(IPA) 255 . 118 14 .
8 | - CMUdict(ARPAbet) (745%) 18 (18820 (46.3%) (55%) 820
NODE(IPA) 162 2 48
9 | S Mwepoawen) (83.82%) 23 (142%) A1 (253%) (1.2%) (29.6%)
10 NOAD(NOAD) 221 43 95 0 29
— NODE(IPA) (77.9%) (19.5%) (43.0%) (13.1%)
NOAD(NOAD) 104 . . .
11 — MWCDMWCD) (89.6%) 19 (18.3%) 37 (35.6%) 0 30 (28.8%)
12 NOAD(NOAD) 185 50 70 2 22
— CMUdict(ARPAbet) (81.5%) (27.0%) (37.8%) (1.1%) (11.9%)

4) B7helolE L0007 F e wse] 5 Ao el A sheolt),
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ARPAbet IPA NOAD MWCD
ch tf CH ch
hh h h h

hw (h)w hw
ih ds i i
X KH k
g g g g
ng 0 NG 0
sh I SH sh
th S} TH th
dh d TH th
v J v v
zh 3 7H zh

The following letters have the same values in all systems
listed: b, d, f, g, kK, , m,n, p, 1, s, t, Vv, W, z.

ARPADbet IPA NOAD MWCD

ae ® a a
ely) er a a
eh r gar e(o)r ar

aa a: a a, a
aar ar ar ar
eh € e e
iy i: é é
ihr Tor i(o)r ir
ih 1 i i
ay ar 1 1
aa 0 a a
oW 05 0 0
ao 0! 0 0
or N .

or or

Jor

oy oI ol ol
uh 1) 00 u
uh r Bar 001 ur
uw u: 00 i
aw as ou au
ah A P P
er 3r, 3 ar or
ah ) ) )
ah i 9, 1 B
er or ar or

y uw ju: N vil
a a

01, e ®, @
v, Y ae, ue
5 ON o"

5) https://en.wikipedia.org/wiki/Pronunciation_respelling_for_English




